Abstract-The vanadium redox flow battery (VRB) is well suited for renewable energy applications. It has many attributes, which make it an excellent choice for bulk power applications. However, as with all energy storage systems, the energy storage device must consider the balance of plant in computing performance efficiencies. This paper studies VRB use within a microgrid system from a practical perspective. A reduced order circuit model of the VRB is introduced that includes the losses from the balance of system including system and environmental controls. Experimental field data are collected to estimate the key parameters of the VRB system. The proposed models include the circulation pumps and the heating, ventilation, and air conditioning system that regulates the environment of the VRB enclosure. In this paper, the VRB model is extended to include the energy storage system environmental controls to provide a model that provides a more realistic efficiency profile.
must be modeled accurately. This not only includes modeling of current-voltage characteristics, but must also include all parasitic loads, where the term "parasitic load" refers to the power consumed by the system under no load. The parasitic load includes the power consumption of the energy storage system (ESS) balance of plant systems, including the circulation pumps, the heating, ventilation, and air conditioning (HVAC) unit, controllers, and sensors.
Several VRB modeling techniques have been presented in the literature [5] and [6] . Blanc and Rufer [5] proposed a physical approach and Chahwan et al. [6] converts the VRB into a more straightforward equivalent circuit. To study the efficiency performance of a commercial VRB system, Qiu et al. [7] developed a circuit model, which has more accurate characterization of the circulation pumps. In most applications, the VRB is deployed in a standalone enclosure so that the operating temperature can be more closely regulated. Different storage devices have different operating ranges. For example, a valve-regulated lead acid (VRLA) battery has an operating range between 20
• C and 45
• C, whereas the VRB has an operating range between 5
• C and 30
• C [8] . Therefore, the environmental modeling and control for these two ESS are quite different.
There is little information in the open literature regarding modeling of ESS enclosure environments. However, there has been numerous studies to predict building energy consumption and these can be extended to enclosure HVAC analysis. Current approaches can be divided into two categories: 1) thermology methods; and 2) empirical methods. The thermology method considers the thermal state variation of each component and their influence upon each other. Partial differential equations or other similar mathematical functions are typically used depending on how precise the modeling is intended. Common inputs to these models include weather conditions, building material and structure, human activity, and the HVAC system. A typical example is the heat balance method proposed by ASHRAE [9] . This method focuses on the building components including walls, the interior air, and the heat transfer through including conduction, convection, and radiation. The thermology method can give the user a thorough understanding of the system, but it suffers from several disadvantages that limit its extensive application. First of all, it requires large amounts of geometry or material information and considerable expertise to implement. The total thermal process is divided into several solvable subsystems for analysis and for each subsystem, a large number of temperature and heat sensors have to be deployed for data collection. The HVAC itself contains numerous components including a condenser, compressor, accumulator, and evaporator, all of which are challenging to model. Furthermore, the 1949-3029 © 2015 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
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model is difficult to calibrate to different operating scenarios (i.e., seasonal changes) [10] . Empirical methods are used when only a generalized output of the system model is required, such as energy consumption, rather than detailed model characteristics. An empirical method can be used to correlate the desired output to the effective input variables if the intermediate processes are not required. Empirical models based on artificial neural networks (ANN) have widely been researched and applied to energy consumption related problems [11] . The ANN modeling method is attractive due to its ability to handle model nonlinearities and self-adaption attributes. Kalogirou et al. [12] and Ekici and Aksoy [13] developed an ANN model to predict heating or cooling loads of a building. The results obtained from the ANN were sufficient to identify the necessary heat gain from the HVAC to maintain the room temperature. This approach is useful for HVAC sizing, but does not provide an accurate indication of the energy consumption of a specific HVAC. An ANN parameterization and training algorithm to forecast longterm or short-term power consumption was proposed in [14] and [15] , although the authors' validation tests focused only on large areas or building groups.
In this paper, we revise the circuit model of the VRB and present an ANN-based model specifically designed for estimating the parasitic energy consumption of the balance of plant including the enclosure environment and the HVAC. This enhanced model of the VRB energy storage system can be used to better estimate on-site performance when connected to a microgrid.
II. VANADIUM REDOX BATTERY
The VRB is an electrical energy storage system based on the vanadium-based redox regenerative fuel cell that converts chemical energy into electrical energy. The VRB is a rechargeable battery that consists of an assembly of power cells that requires two electrolytes separated by a proton exchange membrane. A proton exchange membrane separates the solution contained in the power cell where electrolytes are oxidized or reduced. The proton exchange membrane separates the positive and negative electrolytes while allowing the passage of the ions [16] . The direction of the oxidization determines whether the battery is charging or discharging.
A VRB energy storage system is shown in Fig. 1 . The VRB consists of the primary cell stack, two electrolyte tanks (one positive polarity and one negative polarity), two circulation pumps to move the electrolyte through the cell stack, a reference cell stack for monitoring and control, two heat exchangers, instrumentation, and control. Several VRB models have been developed [5] , [6] . Fig. 2 shows the discharge efficiency of the VRB as a function of load and state-of-charge (SOC), exclusive of parasitic losses based on field-based experimental data. The charging efficiency profile is similar. In [7] , the VRB efficiency model was expanded to include the effects of the circulation pumps and control units as shown in Fig. 3 . Fig. 4 shows the detailed and the proposed empirical electrical circuits for the VRB. The detailed model captures the electrical behavior of the standalone VRB under ideal environmental conditions [6] . We propose several modifications to this circuit model. First, due to the response time exhibited by the dynamics of the photovoltaic (PV) array and loads, a VRB model on the order of microseconds is sufficient. Therefore, the electrode capacitor in the detailed model can be neglected and the two resistors can be merged into a single resistor. One current source represents the parasitic load of circulation pumps and control unit (P and C) and the other current source represents the environmental controls (HVAC). To accurately model the output voltage and current, it is necessary to estimate the stack voltage, the equivalent resistance (R th ), and the parasitic losses. The ANN is trained using collected field data that include the battery terminal voltage (V t ), terminal current (I t ), the stack voltage (V s ), HVAC current (I h ), and the VRB electrolyte pump current (I p ).
III. MICROGRID SYSTEM DESCRIPTION
The microgrid system used to obtain the field data was a standalone system deployed at Fort Leonard Wood, Missouri (latitude 37.71
• , longitude 92.15
• ). The system, shown in Fig. 5 , includes a 6-kW PV array (Brightwatts -BI-156-200W-G27V) connected in two parallel strings through maximum power point charge controllers (Outback FlexMax 80) to charge a 5-kW/20 kWhr VRB (Prudent Energy). The PV array and VRB are connected through circuit breakers to a 48-VDC bus. The 48-VDC bus is connected through an inverter to a 240-VAC bus. The enclosure environmental controls draw their power from the ac bus and not from the VRB directly.
The system served various loads, including pumps, and heating elements on both the ac and dc buses to emulate actual operational load behavior. The system was designed to be part of a modular military forward operating base system that could operate independently, or as part of an integrated system of microgrids. Although the field validation used data obtained from military base operation, it can be generalized to civilian operation since the loads are typical of multiple situations. Table I provides the VRB ratings. The VRB energy storage system is self-contained in an enclosure and includes the electrolyte tanks, cell stacks, pumps, and controllers.
The system is instrumented to measure environmental data including solar insolation and temperature as well as the voltage and current parameters necessary for monitoring, controlling its operation, and characterizing its performance. Operational data were collected from June 2011 to October 2011. Data were collected every 5 s and averaged over a 1-min window throughout operation. A 7-day sample of data is shown in Fig. 6 . During the day, the PV arrays supplied the load and any excess energy was used to charge the VRB. During the night, the VRB supplied the load. When the VRB power is negative, this indicates that the VRB is charging (absorbing power), thus PV power + VRB power = load power.
(
IV. ENCLOSURE AND HVAC Environmental controls are required for the VRB energy storage system to operate properly. Freezing temperatures can hinder electrolyte flow, whereas high temperatures can damage the VRB membrane, cause the vanadium oxide ions to precipitate, and cause overheating of the electrical equipment [16] . In this system, the VRB enclosure temperature is regulated between 10
• C by a built-in HVAC system that includes a cooling-heating air conditioner and ventilation fans. The temperature control scheme is as follows. • C. To better estimate the behavior of the HVAC, the thermal characteristics of the enclosure must first be developed. Although an ANN-based model will ultimately be developed, it is illustrative to first consider the fundamental principles of the physical model of the system to better understand the impact of various parameters. Fig. 7 shows the VRB enclosure from the field microgrid system. The enclosure was provided by the manufacturer. The enclosure is augmented with additional insulation and insolation shielding to better regulate internal temperatures. The enclosure specifications are given in Table II . Fig. 8 shows the thermal elements involved in the heat balancing process of the enclosure. There are three influences on the heat transfer of the external surface of the enclosure: absorbed insolation, convection to outside air, and long wave (i.e., infrared) radiation.
A. Heat Transfer and Heat Balance of the Enclosure

1) Absorbed Insolation:
The insolation absorption depends on the solar flux that impinges on the enclosure and the absorptivity rate of the enclosure surface. The incident solar flux is composed of the direct-beam radiation, which is traveling in a straight line from the sun, the diffuse radiation, which is solar energy scattered by the molecules and suspensoids in the atmosphere, and the reflected radiation, which is reflected from the surrounding surfaces [18] . After the location and geometry of the enclosure is known, it is not difficult to calculate the clear sky solar insolation, but the clear sky solar insolation does not include any weather effects. To address the impact of the actual weather, the actual insolation is measured by a pyranometer in the field and will be used as the reference for further calculations. Any shading of the enclosure from the surroundings will also be included. Therefore, the actual solar radiation that strikes the enclosure will be used as an input to the ANN model. The absorptivity of the surface is hard to estimate but remains TABLE III  HVAC PARAMETERS relatively constant, so it will be an internal parameter of the ANN model rather than explicitly quantified.
2) Convection: Convection is one mode of heat transfer, caused by the random motion of the air. Forced convection is air movement caused by an external influence such as the wind or a fan. Natural convection is air movement caused by inherent factors, such as buoyancy. In most applications, both forced and natural convection happen simultaneously in varied proportions [18] . The heat transfer rate by convection is given by
where h is the convection heat transfer coefficient (
A s is the heat transfer surface area (m 2 ), T s is the temperature of the surface (
• C), and T ∞ is the temperature of the air sufficiently far from the surface (
• C). Equation (2) is deceptively simple. In practice, each of the coefficients are multivalued functions of external parameters. The transfer coefficient h depends on a variety of variables including the air fluidity properties and surface roughness and geometry. If the enclosure resides in a turbulent air environment, it will be extremely difficult to estimate this parameter. For buildings, the usual approach is to correlate the coefficients to the wind speed at the target location by experiment or numerical simulation [19] . It is, therefore, reasonable to use the ambient temperatures and wind properties as inputs to the ANN process to predict the correlations.
3) Long Wave Radiation: The long wave radiation is the radiation, which governs the heat exchange among terrestrial objects such as the earth and buildings [18] . The net radiation exchange on a surface can be described by
where ε sr is the emissivity coefficient of the surroundings and ε s denotes the surface emissivity. The constant σ is the StefanBoltzmann's constant and T is the absolute temperature. The thermal dynamics of the enclosure shell and the inside air will be incorporated into the ANN model. There are, however, several elements need to be considered separately.
Sensible heat gain indicates how much heat the HVAC has to remove to maintain the target temperature, thus, adding to the parasitic load. The HVAC specifications are given in Table III . The inside air temperature and humidity both play parts in the sensible heat gain q s such that
where 1.006 (kJ/kg K) is the specific heat of dry air, W is the humidity ratio, 1.84 (kJ/kg K) is the specific heat of water vapor, ΔT is the temperature difference, and Q s is the air flow [9] .
Additionally, the internal source convection can be caused by the heat emitted by VRB itself and other devices, such as the controllers and sensors. The heat is roughly proportional to the load of the microgrid system, therefore, the load demand may be an adequate input parameter.
B. Input Variable Selection
The previous section outlined the primary physical characteristics that may have an impact on the VRB efficiency and power output. These identified parameters will be used as initial candidates in constructing the input set to the ANN model. However, not all of the parameters may have significant influence on the output and their inclusion may serve to add to the computational burden. For example, for a multilayer perceptron (MLP), the dimension of the internal ANN weighting matrix is affected by the size of the input, therefore, during each training round a large number of matrix elements are calculated and updated. The size of the training data is required to increase exponentially with the model dimensionality to maintain enough confidence [21] .
Furthermore, if any of the parameters are redundant (they affect the output in a similar qualitative manner), then combinations of these parameters may lead to convergence to a local optimum [20] as opposed to the desired global optimum. Therefore, for these reasons, it is prudent to conduct a sensitivity analysis to determine which of the parameters have the largest influence and neglect those parameters with marginal influence. Therefore, we attempt to rank the elements of the input set in terms of their influence on the desired output. Influence is determined by the relevance and independence of the elements of the input set. An input can be relevant to the model output, but its independence diminishes if it highly correlates with other input, thus, making it less useful. In [22] , the "minimal-redundancy-maximal-relevance" (mRMR) criterion is proposed to quantitatively weigh the importance of the variables. The mRMR index used here is defined as the difference between a relevance term and a redundancy term
The first term d(i, t) measures the parameter relevance, which is the distance correlation between the i th input and the target t where i is in the entire set of parameters Ω but not in S, which is the set of already selected inputs. The second term measures the redundancy and is the average of the distance correlation between the ith and the jth input in set S. Using the min-max criterion, the set of possible input parameters can be searched and selected in an incremental manner. For example, if the input set S has n parameters, then the (n + 1)th input parameter added to the set must have the highest mRMR value among the rest of the input variables mRMR n+1 > mMRM n .
The input candidates and their denotation are listed in Table IV . To remove the circular discontinuity, the hour of the day hour is transformed to cos( Table V summarizes the input importance ranking when only relevance is considered and also when both relevance and redundancy (mRMR) are considered. Several interesting observations can be made regarding the rankings given in Table V. 1) Ambient temperature (amb_temp) and surface insolation (si) are the two most important input variables. 2) The enclosure inside temperature in_temp is dependent on several factors, therefore, its redundancy is high which leads to a relatively low mRMR ranking. It is a good candidate to neglect.
3) hrsin ranked higher than hrcos, which indicates that hrsin contains more time information than hrcos. hrcos is a good candidate to neglect. 4) The load has low distance correlation to the target, but has a high mRMR rank. This indicates that the load power has low correlation with other input variables and should not be neglected.
C. ANN Structure
An MLP-type ANN is chosen. The MLP structure is straightforward and uses back propagation as a training method. It has been successfully used to forecast long-term and short-term energy consumption [23] [24] [25] . The hourly energy consumption of the HVAC is the desired output of the ANN. The ANN has the following structure: 1) network architecture: MLP; 2) data allocation: sliding window method; 3) input variables: hour of the day, solar insolation, humidity, ambient temperature, wind velocity, and load power consumption; 4) output variable: HVAC hourly energy consumption; 5) number of hidden layers: 1; 6) number of hidden neurons: 7; 7) activation functions: hyperbolic tangent. Fig. 9 provides a comparison of the predicted HVAC load and the actual HVAC load for a period of 4 days using two different training sets of 7 days [ Fig. 9(a) ] and 14 days [ Fig. 9(b) ]. For this set of results, all inputs are used. The accuracy of the results is evaluated by the coefficient of variation (CV) and the mean bias error (MBE). For the 7-day window, CV = 0.4229 and MBE = 0.0006 and for the 14-day window, CV = 0.3846 and MBE = 0.1072. Distributions with CV < 1 are considered to be low variance, therefore, both training sets are considered to be appropriate. However, since the MBE of the 7-day training set is much smaller than the 14-day training set, a 7-day training set is better suited. This is probably due to greater variations in weather over longer periods of time.
V. MODEL RESULTS
To improve computational efficiency, the number of inputs is reduced. To see the significance of each input, the number of inputs is decremented with the lowest mRMR removed first. Fig. 10 shows the result and Table VI gives the CV and MBE values. As expected, error increases when effective inputs are ruled out one by one. This effect is shown in Fig. 10 . Even with four of the inputs removed, the results are still relatively accurate.
VI. CONCLUSION
To deploy energy storage within a microgrid with confidence, the impact of the balance of plant of the ESS must be considered. In this paper, we have proposed and developed an ANN-based model to characterize the parasitics of the energy storage system associated with the environmental control system. This ANN-based model can be included in the VRB model shown in Fig. 4(b) which, along with the circulation pump parasitics (derived in [7] ) provide a field validated model of the VRB. This improved model can be used to more accurately predict the overall energy system efficiency.
